A noticeable part of the microbiome literature, especially that working with low-biomass samples, is plagued by reagent contamination. Here we describe visual, statistical, methodical and ecological techniques to facilitate recognition of signals that represent contamination.
C ulture-independent next-generation sequencing techniques are extremely effective for characterizing pathogens or microbial communities associated with health or disease. They have revolutionized our understanding of the microbial communities that inhabit various niches of the human body. In high-biomass samples, such as faeces, this process is relatively straightforward; what is detected is largely present in the original sample. However, in samples with very low amounts of microbial biomass, such as human tissue specimens, many of the true signals (where present) are masked by contaminating DNA present in extraction, amplification and librarypreparation kits 1 . These kit contaminants largely consist of DNA from a combination of readily identifiable water and soil bacteria. Several recent publications have demonstrated the pervasive prevalence of these kit contaminants, and that both 16S rRNA gene amplicon sequencing and metagenomic approaches suffer from the same problems [1] [2] [3] [4] [5] [6] . Reagent contamination can lead to spurious microbiome descriptions, and the use of different kits or batches can introduce variation in reagent contamination, leading to apparent but incorrect differences between cases and controls 1, 2 . Despite this, many papers in the literature report microbial associations that go against basic understanding of microbial ecology, some of which can be likened to reporting blue whales in the Himalayas or African elephants in Antarctica. Kit contamination cannot easily be removed, so robust techniques to identify reagent contamination are essential for the interpretation of microbiota studies. This is especially true for those dealing with low-biomass samples.
Ecology
There is a vast amount of historical data on microbial ecology based on culture, and sequence data should be judged in the context of this hard-won understanding. For example, detecting Pseudomonas and Ralstonia using sequencing in breastmilk but not being able to culture it with MacConkey agar plates, which support the growth of such non-fastidious organisms, suggests they are reagent contaminants 7 . However, conspicuous sequence-based findings are rarely validated with, for example, culture-based approaches or fluorescence in situ hybridization. Unless there are clear reasons for bacteria being dead, such as antibiotic treatment in clinical studies or chlorinated water in environmental samples, culturable bacterial groups are very unlikely to be found to be a dominant group by sequencing, yet be nonviable. The first step when encountering an unexpected bacterial group should be to use this ecological data and to consider whether the finding makes ecological sense. Examples of failing to do this include identifying photosynthetic Cyanobacteria and chemoorganotrophs incapable of growth at 37 °C in the human brain 8 , or Listeria welshimeri, which has lost all of the fitness genes required for intracellular survival 9 , in breast tissue of Irish but not Canadian women 10 . However, subtler examples exist; early skin microbiome research 11 may also suffer from reagent contamination. Ecological understanding from culture aligns well with what was found in the moist and sebaceous skin sites, yet all the relatively dry skin sites had high amounts of Proteobacteria and Bacteroidetes, inflating the apparent diversity. These Gram-negative bacteria generally cannot grow in areas of relatively low water activity 12 . Species-level analysis of the reads reveals these to be Gram-negative bacteria commonly found as reagent contaminants, including Cloacibacterium normanense, Diaphorobacter nitroreducens, Aquabacterium commune, Aquabacterium parvum and Flavisolibacter ginsengisoli, whose natural habitat is typically water, soil or sludge. The detection of DNA from the organisms at these dry sites could be due to transient presence on the skin from differential exposure to the environment, but may also be due to the relative lack of bacterial biomass leading to the true signal being overwhelmed, in contrast to sebaceous or moist sites where reagent contamination signals are instead masked by real signals. Disentangling these effects will be important for understanding the skin microbiome.
Utilizing artificial patterns
Genuine signals are sample associated, but reagent contamination signals are not and are instead associated with particular DNA isolation batches. Batch effects in DNA isolations are introduced by differences in the DNA isolation or polymerase chain reaction (PCR) amplification methods, the kit box number, or even the reagent lot number 1, 2 . Within-batch consistency of the reagent contamination profile and betweenbatch variation of such profiles are two of the most powerful tools that can be used to recognize reagent contamination and should be an integral part of any sample preparation planning. In some very low-biomass studies where most of the signals can be reagent contamination derived, having multiple batches allows for the rapid statistical identification of reagent contamination by means of batch association. Figure 1a uses this technique to show that Burkholderia, Ralstonia, Bradyrhizobium, Curvibacter and others are reagent contaminants and not part of a placental microbiome 13 . In the published literature, it is often possible to identify batch effects by eye 10 . In the category of low-to moderate-biomass studies -for example, meconium 14 , ileal mucosal biopsies 15 , nasal 1 and skin swabs 11 -the consistency of the ratio of reagent-derived species within all samples of one batch allows for the straightforward identification of these species by performing a nonparametric correlation analysis per batch on the different microbial species. This consistent ratio will always cause reagent-derived species to be strongly correlated with one another (in the absence of undocumented batch effects). Figure 1b shows a partial heatmap of the Spearman's rank correlation coefficients of different species detected during a study of necrotizing enterocolitis in pre-term infants 14 . This demonstrates consistent correlation between the named reagent contaminants. The correlation coefficients of Pseudomonadaceae with Oxalobacteraceae, Moraxellaceae, Comamonadaceae and Xanthomonadaceae in Supplementary   Fig. 3 of an article on the penis microbiome also provide an accidental example of this technique 16 . The deduction that these groups represent reagent contamination is supported by a later analysis of these samples in which the initially most dominant groups, Pseudomonadaceae and Oxalobacteraceae, were no longer reported 17 . Another way to visualize the within-batch consistency of a reagent contamination profile is by . The named reagent-derived species are shown to form a matrix of highly intercorrelated species as they are invariably present within samples in similar ratios. c, Hierarchical clustering analyses of both samples (x-axis) and microbial groups (y-axis) in a heatmap representing the abundances of these microbial groups per sample on a logarithmic scale. Reagent contaminants are especially abundant in samples with low biomass that failed 16S amplification, and in negative controls; both of which cluster together in the lower left corner. This dataset is from a study where bacterial DNA was enriched from nasal swabs and sequenced with an ILLUMINA HiSeq v4 sequencing kit (unpublished data, ENA accession no. ERP016546). 125-base-pair paired-end shotgun metagenomics reads were quality filtered and analysed by Kraken, and a heatmap was generated using MetaPhlAn of the top 100 species using the complete-linkage method. d, Genuine signals are reproducible and separate measurements from the same sample using different DNA isolation kits should correlate with one another while reagent contamination signals do not. The genuine Moraxella signal is from a reanalysis of the 16S data of Salter et al. 1 , whereas the reagent contamination example, Thiohalocapsa halophila, is from an analysis of placental tissues. The Spearman's rho correlation coefficient of Moraxella with itself is 0.89 while T. halophila has an autocorrelation score of -0.03. comment combining unsupervised hierarchical clustering analyses of both samples and microbial groups in a heatmap that represents the abundances of these microbial groups per sample on a logarithmic scale (Fig. 1c) . The block of species and samples in the lower left corner of Fig. 1c (which is from an unpublished nasal shotgun metagenomics study), represents both the reagent-derived species and samples with a very low biomass; most of the amplification controls were present in the lower left block and most of the samples in the lower left block failed by bacterial 16S rRNA gene PCR. In this case, some of the reagent contamination signature can also be seen in the right-hand cluster -these represent moderate-biomass samples where both true signal and reagent contamination are found in the same sample. A further approach is to measure the correlation between input DNA (or amplicon) quantity and output species abundance. Strong negative correlations will be found for contaminating species 3, 4 . An increased resolution of reads down to the strain level using the oligotyping method in the case of bacterial 16S rRNA gene studies 18 is an additional way of separating reagent contamination reads from genuine signals. It is particularly valuable as it is not uncommon for particular species to be found both within the reagent contamination profile and as part of the actual signal in some samples, while individual oligotypes may be found in only one or the other. Strain-resolved metagenomics has been applied, for example, in soil samples to identify the reagent contaminant Delftia acidovorans, as this species lacked the diversity that is characteristic of other soil organisms 19 . True signals should be reproducible. Genuine signals can therefore be distinguished from reagent-derived signals by comparing results from two separate DNA isolations on the same sample (ideally using kits produced by different suppliers). Plotting the output of a signal from all samples of the first DNA isolation versus the output of the second DNA isolation provides a positive correlation if the signal is genuine and sufficiently abundant (Fig. 1d) . Less abundant genuine signals should at least show a trend towards being present (in approximately the same order of magnitude) or absent twice in each pair of samples. No correlation will be seen if the signal is part of the reagent microbiome of both or either batch.
Utilizing multiple negative controls per batch that control for every step in the pathway should be part of every reagent contamination identification procedure. However, to avoid false negative and false positive reagent contaminant identifications, it is prudent to use as many lines of defence as possible [1] [2] [3] [4] . Negative controls by themselves are frequently insufficient to detect all reagent species as not all of the sample-processing steps are always covered; and in an added complication, ubiquitous sequencing technique imperfections, such as crosscontamination or index bleed-through, sometimes cause genuine signals to appear in the negative controls 2, 4 . Apart from negative controls, the use of positive controls is strongly recommended 2, 6 . It is possible to gauge the magnitude and importance of genuine signals and the level of reagent contamination per batch in samples of extremely low biomass by adding small, well-defined positive control signals directly into the samples and negative controls themselves 6 .
outlook
Since the arrival of culture-free sequencebased approaches to microbiota studies, the increased focus on bioinformatics skills may have devalued the importance of basic microbial ecological understanding. This is probably part of the reason why the literature on low-and even moderatebiomass niches has become peppered with papers unwittingly including reagent contamination in their results, and why these findings seem to be expanding in influence and citation counts. Reagent contamination is unavoidable, yet fortunately provides its own solution when batch effects are fully exploited in combination with a more extensive use of negative and positive controls. Past studies and datasets could be reanalysed using these safeguards.
contamination identification guidelines
• Negative controls: cover every step of the process • Positive controls: assess biomass and contamination levels 
